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Abstract—In an asynchronous direct-sequence code-division
multiple-access, a speciﬁc bit of the reference user is interfered
by two asynchronously arriving surrounding bits of all the other
users supported by the system. Hence, for optimum multiuser
detection, the entire input bit sequence inﬂuencing the current
bit decisions must be considered, which results in a high de-
tection delay as well as a high receiver complexity. Suboptimal
multiuser-detection methods have been proposed based on a
truncated observation window, in which the so-called “edge” bits
are tentatively estimated by some other means. Using a similar
approach, a multiuser detector is developed in this contribution
that invokes genetic algorithms (GAs) in order to estimate both
the desired bits as well as the edge bits within the truncated
observation window. Using computer simulations, we showed that
by employing GAs for improving the estimation reliability of the
edge bits, our proposed multiuser detector is capable of achieving
a near-optimum bit-error-rate performance, while imposing a
lower complexity than the optimum multiuser detector.
Index Terms—Code-division multiple access (CDMA), genetic
algorithms (GAs), multiuser detection.
I. INTRODUCTION
T
HE optimum multiuser detector for code-division mul-
tiple-access (CDMA) systems [1], which is based on
the maximum-likelihood sequence-estimation (MLSE) rule,
searches exhaustively for the speciﬁc combination of the users’
entire transmitted bit sequence that maximizes the so-called
log-likelihood function (LLF) [1]. Suppose that the system
supports number of active users and that each user transmits
an -bit sequence. Then, there will be possible bit com-
binations that the optimum multiuser detector must consider by
evaluating the LLF. Hence, such an optimum system is clearly
impractical to implement due to the typically high values of
, resulting in an excessive complexity and a long detection
delay. However, the exponentially proportional dependence of
the complexity on the length of the bit sequence can be
mitigated by exploiting the Viterbi algorithm, as suggested by
Verdu [1]. In this case, the computational complexity of the
optimum multiuser detector is still exponentially increasing
with the number of users, but not as a function of . Since a
CDMA system could potentially have a large number of users,
this solution is still impractical to implement. This limitation
led to numerous so-called suboptimal multiuser detection pro-
posals, highlighted by the work of Verdu [2] and the references
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therein, which sacriﬁce performance for the sake of a reduced
complexity.
In an asynchronous direct-sequence CDMA (DS-CDMA)
system, every bit of each user is interfered by two bits of every
other user in the system, which are overlapping with the bit of
interest, assuming an identical channel bit rate for all the users.
Hence, the multiuser detector must have knowledge of these
two overlapping bits in order to efﬁciently detect the desired
bit. Conventional multiuser detectors, such as the decorrelator
[3], operate on the entire length of the users’ bit sequence
at once. This results in a long detection delay as well as in
a signiﬁcant receiver complexity, when is high. Several
methods [4]–[7] have been proposed in order to reduce the
detection delay and the receiver complexity in asynchronous
DS-CDMA systems. The simplest way is to cease transmission
periodically over a ﬁxed interval for all users [4], [8]. This will
effectively break the continuous transmission into frames and,
hence, reduce the complexity of the multiuser detector. How-
ever, this method requires synchronization among the users. In
the proposal by Xie et al. [5], the detection observation window
is truncated such that only a portion of the bit sequence length
is considered at any one time. The bits that coincide with
the window’s edge, referred to as the edge bits, are tentatively
estimated employing the conventional single-user correlator.
The desired bits within the observation window are then de-
tected using conventional multiuser detection techniques. The
overall performance of this technique is largely dependent on
the estimation reliability of the edge bits by the single-user
correlator, which degrades as increases, unless there is
sufﬁcient overlapping between adjacent subsequences, in order
to reduce the effects of the edge bits. Wijayasuriya et al. [6]
proposed a technique, where the edge bits are predicted using
previously detected bits with the aid of convolutional decoding,
although other channel codecs can also be used. In Shen et
al. [7], the edge bits are estimated using a so-called modiﬁed
one-shot decorrelator. These proposals [5]–[7] demonstrated
that a low-edge bit-error probability is essential in order to
attain a low overall bit-error-rate (BER) performance.
Genetic algorithms (GAs) [9]–[11] have been employed for
solving many complex optimization problems in numerous
ﬁelds. In a synchronous CDMA system, initial solutions of
the problem concerned are ﬁrst encoded into a population of
-bit individuals, constituted by all possible bit combinations
of the users. These -bit individuals are then subjected to
genetic operations such as selection, crossover, and mutation in
order to generate better solutions. While GAs are not perfect,
i.e., they do not always ﬁnd the optimal -element vector in
the -sized optimization space, they are efﬁcient in attaining
near-optimal solutions signiﬁcantly faster than conventional
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Fig. 1. System model for asynchronous GA-assisted multiuser DS-CDMA.
point-by-point exhaustive search techniques, especially in the
large solution spaces associated with supporting many users. A
GA-based multiuser detector was ﬁrst proposed by Juntti et al.
[12], where the analysis was based on a synchronous CDMA
system communicating over an additive white Gaussian noise
(AWGN) channel. It was found that good initial guesses of the
possible solutions are needed for the GA in order to obtain a
high performance. However, by incorporating an element of
local search prior to the GA, Yen et al. [13] showed that the
performance of the GA-based multiuser detector approaches
the single-user performance bound at a signiﬁcantly lower
computational complexity than that of the optimum multiuser
detector. Instead of providing good initial guesses for the GA,
the proposal by Ergün et al. [14] used a multistage multiuser
detector as part of the GA procedure in order to improve
the convergence rate of the GA. Although the results in [14]
suggested that the employment of a pure GA-based multiuser
detector was unattractive due to its slow convergence rate,
in [15] we have demonstrated that slow convergence is not
an inherent feature of the GAs. More explicitly, the type of
genetic operations used and the associated system parameters
have a substantial affect on the convergence rate [15]. Based
on the results obtained in [15], an attractive GA conﬁguration
that offered an attractive tradeoff between convergence speed
and complexity was adopted for our proposed detector. This
GA conﬁguration will be highlighted in Section III. The per-
formance of a GA-based multiuser detector employed in an
asynchronous CDMA system in conjunction with a modiﬁed
Viterbi algorithm was studied by Wang et al. [16]. It was
shown that the GA-based detector achieves almost the same
performance as that of the minimum mean-square error (mmse)
multiuser detectors at a lower computational complexity.
AGA-assistedmultiuserdetectordesignedforasynchronous
DS-CDMA system communicating over a ﬂat fading channel
with the aid of joint channel estimation, as well as in conjunc-
tion with antenna diversity, has been investigated by the authors
in [17] and [18], respectively. In this contribution, we extend
our proposal to an asynchronous DS-CDMA system transmit-
ting over -path Rayleigh-fading channels. In order to reduce
the complexity of the detector and to concommittantly decrease
thedetection time, theobservedwindowis truncatedsuchthatit
encompasses at most one complete symbol interval of all users
in any detection window. Let us assume that we are interested
in detecting the th bit of all users. Then, the edge bits will be
the th bits and the th bits of all interfering users,
referred to in this contribution as the start edge bits (SEBs) and
the end edge bits (EEBs), respectively. The SEBs have been de-
tected in the previous observed window and, hence, are known
to the receiver. GAs are then developed in order to estimate the
desired th bits as well as the th EEBs. In contrast to
the previously proposed techniques [6], [7], the EEBs and de-
siredbitsinourproposalareestimatedsimultaneouslyusingthe
sameprocess.Thisresultsinminimaldetectiondelayandnoad-
ditional hardware is required for predicting the EEBs.
The performance of the proposed multiuser detector is exam-
ined by computer simulations, whereby the measure of interest
is the desired bit-error probability (DBEP). We will investigate
the effects of the ambiguity of the edge bits on the DBEP by
comparing the GA-assisted multiuser detector with EEBs esti-
mation against that without the GA-assisted EEBs estimation.
In the latter case, the EEBs are estimated based on the hard de-
cisions obtained from the users’ correlator output, which is a
technique similar to that proposed in [5]. Furthermore, we will
evaluate the effects of varying the GA parameters on the DBEP
performanceinordertostrikeabalancebetweendetectioncom-
plexity and performance. Our simulation results showed that,
upon using GAs to improve the accuracy of the edge bits, our
proposed multiuser detector can achieve a near-optimum DBEP
performance, while imposing a lower complexity, as compared
to that of the optimum multiuser detector [1].
The remainder of this paper is organized as follows. Sec-
tion II describes our asynchronous CDMA system communi-
cating over multipath Rayleigh-fading channels.1 The LLF re-
quiredfortheoptimizationprocessisalsodeveloped.SectionIII
describestheGAsusedtoimplementourproposeddetector.Our
simulation results are presented in Section IV, while Section V
concludes this paper.
II. SYSTEM DESCRIPTION
We consider binary phase-shift keying (BPSK) transmissions
over multipath Rayleigh-fading channels shared by asyn-
chronous users employing DS-CDMA, as illustrated in Fig. 1.
1In this paper, vectors and matrices are represented in boldface, while (￿)
and (￿) denote the transpose matrix and the conjugate matrix of (￿), respec-
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The transmitted frame consisting of number of symbols for
each user is assumed to be propagating over independent
slowly Rayleigh-fading paths to the base station’s receiver. The
complex low-pass impulse response of the channel for the th
user over the th symbol interval can be expressed as
(1)
where , , and are the th path gain, propagation
delay and phase, respectively. When communicating over
Rayleigh-fading channels, the channel gain is a zero-mean
complex Gaussian random variable, where the amplitude
is Rayleigh distributed and the phase is uniformly dis-
tributed between .
Assuming ideal low-pass ﬁltering for removing the high-fre-
quency noise components, the baseband received signal
expressed in vectorial notation can be written as
(2)
where
is the users’ signature sequence vector and
is the random delay2 corresponding to user ,
is a diagonal matrix
containing the power of the users and is an identity
matrix, is the
diagonal CIR matrix,
is the data vector, and is the th user bit
vector. For simplicity and without loss of generality, we
assumed an ordering of the random delays such that
.W e
also assumed that the powers, channel gains, and random
delays of all users are known to the receiver and that the
channel gain is normalized so that the average signal-power
levels at the output and input of the channel are the same.3
for (3)
The channel noise is modeled by a zero-mean complex
white Gaussian process with independent real and imaginary
components, each having a double-sided power spectral density
of .
2The random delay ￿ takes into account the asynchronous nature of the
transmission, as well as the propagation delay ￿ given in (1).
3The effects of imperfect channel estimation as well as a joint GA-assisted
channel estimator and multiuser detector were studied in the context of a syn-
chronous CDMA system in [17].
We can deﬁne the cross-correlation matrice
of the signature sequences, such that the th element is
given by
(4)
where , ,
and . Since the modulating signals are
time-limited, , and .
The front end of the receiver illustrated in Fig. 1 consists of
a bank of ﬁlters, matched to the signature sequences of the
users. Assuming perfect synchronization, the output of the th
users matched ﬁlter corresponding to the th path sampled at the
end of the th symbol interval is given as [19]
(5)
Using vector notation, the output of the matched ﬁlter bank
at the th symbol interval can be written as
(6)
From(6),wecanseethepresenceoftheinterferencecontributed
by the edge bits. Hence, any joint decision made on the th bits
of the users has to take into account the decisions on either
the th bit or the th bit of each user, as shown in
Fig. 2.
Let us ﬁrst assume that the receiver has explicit knowledge of
the SEB and EEB of all the users. Let us also introduce
. . .
. . .
. . .
. . .
. . .
. . .
(7)
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Fig. 2. Received-sequences model of an asynchronous DS-CDMA system.
which will be used at a later stage in (9) and (10). The trun-
catedobservationwindowdurationisgovernedby and ,
where , . As illustrated
by Fig. 2, the truncated observation window interval can span
from the most recently received th bit of the th user to
the end of the ﬁrst received th bit of the ﬁrst user, i.e.,
. In this way, the decisions
made on the desired th bits of the users will only depend on
either the th or th bits of all users.
Based on the observation vector given in (6), it can be
shown that the LLF required for detecting the th bit of all users
within the truncated observation window, given that and
are known to the receiver, can be written as
(8)
where ,
,
, and
The vectors and represent the partial matched
ﬁlter correlations between and
, respectively, for
, which are given as
(9)
(10)
The optimum decision concerning , provided that
and are known to the receiver, is formulated as
, which maximizes the LLF given in (8).
However,inpracticethereceiverisobliviousoftheEEBs
during the detection of , unless they are pilot bits. On the
other hand, the SEBs can be derived from the previous
detection process and if the DBEP of the receiver is sufﬁciently
low,itcanbeassumedthattheSEBs areperfectlyknown.
Hence, in order to optimize the decision concerning ,i ti s
imperative that the EEBs are estimated as reliably as possible.
In order to lower the EEB error probability (EBEP), we invoke
the proposed GA for improving the tentative decision accuracy
oftheEEBs and,atthesametime,weoptimizetheLLFin
order to detect . Hence, the estimated transmitted bit vector
of the users can be found by optimizing (8) with respect
to the desired bits and the EEBs , yielding
(11)
where denotes the tentative decisons concerning the
EEBs based on GA-assisted optimization. In Section III, we
will highlight the philosophy of our GA-assisted multiuser
detector in order to simultaneously estimate the desired users’
bits and the EEBs. Note that the LLF of (8) assumed perfect
knowledge of the channel parameters, such as the users’ CIR
and propagationdelays. TheLLFcan,however,bereadily mod-
iﬁed to take into consideration the imperfect estimation of these
parameters, as shown in [20]. In this case, our GA-assisted
optimization approach would be based on a modiﬁed LLF.
However, since the performance of the optimization process
itself is not affected by these parameter imperfections, here we
assume perfect knowledge of these channel parameters.
III. GA-BASED MULTIUSER DETECTION
GAs[9]–[11]canbeinvokedinrobustglobalsearchandopti-
mizationproceduresthatarewellsuitedforsolvingcomplexop-
timizationproblems.Inthispaper,weemployedGAsinorderto
detect the transmitted users’ bit vector , where the so-called
objective function is deﬁned by the LLF of (8). The structure
of the proposed GA-based multiuser detector can be best under-
stood with the aid of the ﬂowchart shown in Fig. 3, which will
be often referred to during our further discourse.
GAs commence their search for the optimum solution at
the so-called th generation with an initial population
of so-called individuals, each consisting of antipodal
bits. The number of individuals in the population is given by
the population size , which is ﬁxed throughout the entire GA
iteration process. We will express the th individual here as
, where , ,
and are -bit strings that denote the SEBs, desired
bits, and EEBs at the th generation, respectively.YEN AND HANZO: GENETIC ALGORITHM ASSISTED MULTIUSER DETECTION IN ASYNCHRONOUS CDMA COMMUNICATIONS 1417
Fig. 3. Flowchart depicting the structure of the proposed genetic algorithm
used to detect the transmitted users’ bit b b b as well as providing the tentative
solutions of b b b at the ith observation window.
Associated with each individual is a ﬁgure of merit, more
commonly known in GAs as the ﬁtness value, which has to
be evaluated. The ﬁtness value, denoted as for
, is computed by substituting the corresponding ele-
ments , and into the LLF of (8). Based
on the evaluated ﬁtness, a new population of individuals is
createdforthe thgenerationthroughaseriesofprocesses,
which are referred to in GA parlance as selection, crossover,
mutation, and elitism [11]. These processes are designed to im-
provetheaverage,andpossiblythemaximumﬁtness,ofthenew
population ascompared totheold population.At the thgener-
ation, thedesired bits of the individual correspondingto
thehighestﬁtnessvalueinthepopulationconstitutethedetected
users’ thbitassociatedwiththeobservationwindowinterval
considered, i.e., with of the th individual ,
where .
As seen in Fig. 3, the GA must be initialized before com-
mencing the optimization process for every new observation
window. Typically, initialization involves assigning a legitimate
random solution to each individual. However, in this case, we
can make use of the information already available at the begin-
ning of each detection in order to aid and to accelerate the opti-
mization. Let us assume that the current bit of interest is the th
bit of all users. Hence, the SEB vector will be constituted by the
th bits, while the EEBs by the th bits. At this point,
the SEBs will have been detected in the previous observation
window when the th bits were the desired bits, i.e.,
will be known. Therefore, we can assign for
all . It is well known that the computational complexity, in the
context of the population size and the number of generations
, of the GA required to attain a speciﬁed level of performance
increases with the number of variables to be optimized [10].
Hence, in order to reduce the computational complexity of the
GA, the SEBs will not be involved in the optimization process,
since these SEBs have been detected previously and any mod-
iﬁcation of the SEBs will not affect the performance of the de-
tector signiﬁcantly. Thus, the generation index is omitted for
the SEB.
It is now clear that the unknown variables involved in the
optimization process consist of the current desired bits as well
as the EEBs. At the 0th generation, the unknown EEB
for can be initially estimated based on the hard
decisions of the correlator outputs of Fig. 1. Hence
mutation for
(12)
where .
Notice that the EEBs of each individual in (12) are mutated
versions of the correlator hard decisions. This means that we
will change the state of each bit of with a probability
. The mutation process [11] of (12) is used to ensure
that the GA has a highly diversiﬁed search range at the begin-
ning. Without this mutation process, all the individuals at the
initialization stage would be identical.
Letusnowassumethat,uponterminationoftheGAattheend
of every observation window, the error probability of the EEBs
will be sufﬁciently low and, hence, these bits can be consid-
ered as the tentative solutions for the GA during initialization,
when these EEBs become the desired bits in the next observa-
tion window. Hence, according to (11)
(13)
After initialization, the GAs are then invoked in order to search
for the desired bit string as well as for the EEB string that opti-
mizes the LLF according to (11). Let us now highlight the pro-
cesses that are involved in the GA [11].
Selection. As suggested by the terminology, the selection
process [11] selects two so-called parents from a mating pool
consisting of individuals, where , in order to pro-
duce two so-called offspring for the next generation population.
Individualshaving the highest ﬁtness values inthe population
are placed in the mating pool. We will denote the individuals in
the mating pool as for .
The individuals in the mating pool are selected as parents ac-
cording to a probabilistic function based on their corresponding
ﬁgure of merit . In order to prevent premature conver-
gence to a local optimum without exploring the global solution
space, so-called sigma scaling [11] is employed. Under sigma
scaling, the selection probability for an individual to
become a parent is a function of its own ﬁtness as well as that1418 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 53, NO. 5, SEPTEMBER 2004
Fig. 4. Example of uniform crossover between two parent bits strings.
of the mating pool’s mean ﬁtness and its associated standard
deviation , as formulated as [11]
if
if
(14)
where
Crossover. The antipodal bits corresponding to the desired
bitsaswellastheEEBsoftheparentvectorsarethenexchanged
using the so-called uniform crossover [21] process in order to
produce two offspring. The process of uniform crossover in-
vokes a so-called crossover mask, which is a sequence con-
sisting of randomly generated 1s and 0s. Antipodal bits
corresponding to the desired bits and the EEBs are exchanged
between the pair of parents at bit locations corresponding to 1
in the crossover mask. An illustration of the uniform crossover
process is shown in Fig. 4. The selection of parents from the
mating pool and the crossover process is repeated until a new
population of offspring is produced.
Mutation. The mutation process [11] refers to the alteration
of the value of an antipodal bit corresponding to the desired bits
and the EEBs in the offspring from 1 to or vice versa, with
a probability . Here, we will set , such that on
average only one bit in each individual is mutated.
Elitism.Finally,duetotheprocessofelitism[11],weidentify
the lowest merit offspring in the population and replace it with
the highest merit individual from the mating pool. This will en-
sure that the highest merit individual is propagated throughout
the evolution process.
A. Complexity Issues
Since our proposed GA-based multiuser detector optimizes
the LLF of (8), we will only consider its complexity in terms
of the number of LLF computations required for the optimiza-
tion. The optimum multiuser detector using exhaustive search
requires evaluations of the LLF. By contrast, our proposed
detectorrequiresamaximum of LLFevaluations.Infact,
the numberof such LLF evaluationscan be reduced by avoiding
repeated evaluations of identical individuals, either within the
same generation or across the entire iteration process, if the re-
ceiver has the necessary memory.
For comparison’s sake, consider the complexity of the linear
decorrelator [3], which is on the order of due to the associ-
atedmatrixinversion.Thiscomplexitybecomesexcessivewhen
the number of users supported is high. By contrast, successive
interference cancellation (SIC) [22] is a well-established low-
complexity suboptimum multiuser-detection technique. How-
ever, the processing delay involved in detecting all the users’
bits can be quite signiﬁcant, an inherent property that cannot be
readilymitigatedbyparallelprocessing.Onasimilarnote,other
search methods, such as the semi-deﬁnite relaxation technique
of [23], has a complexity on the order of , which also is
quite high. By contrast, the GA-based multiuser detector is ca-
pableofofferingaﬂexibletradeoffbetweentheachievableBER
performance and the complexity imposed, as well as the pro-
cessing delay encountered by varying the population size and
the termination criteria to suit the system’s speciﬁcations. Nat-
urally, one could use a whole host of attractive benchmarker
multiuser detectors (MUDs), striking a good balance between
complexity and performance, but the most natural choice is the
single-user detector.
Beforewepresentoursimulationresults,weshouldnotehere
that the employment of our proposed GA-based multiuser de-
tectorisnotrestrictedtojointbit-by-bitdetection.Thetruncated
observation window can actually span over several users’ bits.
In such cases, the individuals of the GA must contain these bits.
However, since there are more unknown bits to be detected, a
higher valueandmoregenerationsareexpectedtobeinvoked.
IV. SIMULATION RESULTS
In this section, our computer simulation results are presented
inordertocharacterizetheDBEPperformanceoftheGA-based
multiuser detector highlighted in Section III. For the sake of
comparison,wehavealsoincludedtheBERresultsoftheclassic
SIC [22] and the decorrelator [7], both of which are also oper-
ated on a window-by-window basis, similar to the GA-based
detectors. For the two-stage SIC, the EEBs are detected after
the desired bits have been detected and cancelled from the re-
ceived signal. These EEBs are in turn cancelled from the re-
ceived signal before the desired bits are again detected in the
second stage. As for the decorrelator, the decorrelating matrix
also takes into account the EEBs and the SEBs, hence resulting
ina -dimensionalmatrix.Forthesakeoffurtherbench-
marking, we also simulated a scheme, where the EEBs were es-
timated by taking a hard decision based on their maximum ratio
combined correlator outputs [5]. In this case, only the desired
bits are involved in the GA optimization process, in which the
desired bits are initialized based on the mutated version of the
correlator’s hard decisions, as given by
mutation for (15)
We will refer to this technique here as Strategy S1, while our
proposed method highlighted in Section III is referred to as
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Fig. 5. Desired bits’ error probability for the GA-based multiuser detector
employing the EEB S1 and S2 detection strategies with a population size of
P =3 0usingrandomsignaturesequencesoflength31andsupportingK =1 0
users. The GA parameters used are the probability of mutation speciﬁed by
p =0 :1, p =0 :1 for S1, and p =0 :05 for S2. The iteration was
terminated after Y =9generations.
Note, however, that our further benchmarking studies, not in-
cluded here, indicate that the performance beneﬁts of GAs de-
pend on their affordable complexity. Numerous suboptimum
benchmarkers have been proposed in the literature [2], [15];
hence, it is unfeasible to compare the proposed GA’s perfor-
mance to that of all possible suboptimum MUDs found in the
related literature. Therefore, we have opted for using the single-
user bound as our ultimate benchmarker. Additionally, we con-
ducted further investigations using the classic -algorithm as a
well-understood benchmarker, which are not included here for
space economy. The conclusion of these studies was that unless
the GA’s population size was extremely restricted by the afford-
able search complexity, the GA-aided MUD outperformed the
-algorithm. The study of other high-powered benchmarkers,
such as the semi-deﬁnite relaxation techniques of [23], are set
aside for future study.
All the results in this section were based on evaluating the
DBEP performance of a chip-asynchronous ten-user CDMA
systemoversingle-pathandtwo-pathRayleigh-fadingchannels.
For ease of simulation, the relative delays between the different
received signals for the single-path scenario were arranged such
that . For the two-path scenario,
the relative delays were arranged according to
and . This arrangement
was made in order to have a well-deﬁned window for our simu-
lation purposes. In practice, the delay will be arbitrarily varied
so that the window must also be varied accordingly in order to
encompassthedesiredbits.Thetwopathswereassumedtohave
equal average received energy, i.e., .
The processing gain was and the signature sequences
were randomly generated. Perfect power control and CIR esti-
mation was assumed for all the simulations. We also assumed
that the ﬁrst bit of all the users was known to the receiver.
Fig. 6. EEBs’ error probability performance for the GA-based multiuser
detector employing the EEB S1 and S2 detection strategies with a population
size of P =3 0using random signature sequences of length 31 and supporting
K =1 0 users. The GA parameters used are the probability of mutation
speciﬁed by p =0 :1, p =0 :1 for S1, and p =0 :05 for S2. The
iteration was terminated after Y =9generations.
Figs. 5 and 6 show the DBEP and EBEP performances, re-
spectively, against for the GA-based -user de-
tector employing the two EEB estimation strategies, respec-
tively.Thesingle-user boundwas computedusingthefollowing
equation [24]4:
(16)
where . The GA parameters used in
this case were , , , and
. As Fig. 5 shows, the DBEP of the GA-based mul-
tiuser detector employing S1 was inferior compared to that of
S2. The error ﬂoor observed for S1 in the single-path scenario
was caused by the high EBEP, as seen in Fig. 6. In this case,
the GA-based multiuser detector was termed as EEB interfer-
ence limited. The same can be said for the two-path scenario,
albeit only a small degradation was observed with respect to
the single-user bound. Despite the fact that the EEBs in the SIC
have a lower BER due to the cancellation and detection in the
presence of less interference, the SIC still has a performance
similar to the S1-aided GA-based detector. As for the decor-
relator, the BER increases when the number of interferers in-
creases, as can be seen in conjunction with two paths. On the
other hand, we can see from Fig. 6 that the EBEP upon em-
ploying S2 is fairly low. As a result, the performance of the
GA-based multiuser detector utilizing this strategy was not lim-
ited by the EEB errors and, hence, was capable of achieving
4The single-user bound constitutes the ultimate performance limit, assisting
us in a fair comparison, since it has been shown that this bound is close to the
performance of the optimum multiuser detector in fading channels [25]. We ad-
ditionally note here that employing the optimum detector would require a com-
putational complexity in the order of 2 , assuming that we detect the SEBs,
desired bits (DBs), and EEBs, which renders its simulation impractical.1420 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 53, NO. 5, SEPTEMBER 2004
Fig. 7. Desired bits’ error-probability performance for the GA-based
multiuser detector employing the EEB S1 and S2 detection strategies with a
population size of P =2 0using random signature sequences of length 31
and supporting K =1 0users. The GA parameters used are the probability of
mutation speciﬁed by p =0 :1, p =0 :1 for S1, and p =0 :05 for S2.
The iteration was terminated after Y =9generations.
a near-optimum single-user-like DBEP performance. Further-
more, in comparison to the “brute-force” optimum ML detector
requiring LLF evaluations, our proposed multiuser
detector is substantially less complex, requiring only a max-
imum of 10 LLF evaluations, yet performing close
to the optimum performance.
The notion of an EEB interference-limited DBEP perfor-
mance employing strategy S1 is further substantiated in Fig. 7,
which characterizes the DBEP performance of the proposed
detector for a population size of . Naturally, we would
expect the performance to degrade as compared to Fig. 5, when
the population size decreases. As seen in the ﬁgure for both
the one- and two-path scenarios, the DBEP performance of
the proposed detector employing strategy S1 did not show
signiﬁcant degradation in comparison to that associated with
, as illustrated in Fig. 5. This is due to the fact that the
EBEP is the same for both and and, hence,
the corresponding DBEP performances are limited by the poor
reliability of the EEBs. This becomes explicit by comparison to
the curve characterizing the scenario using perfect knowledge
of the SEBs and EEBs, which exhibited a near-single-user
DBEP performance even for . On the other hand, for
detectors employing an S2 strategy, a degradation can be seen
for compared to that for , as shown in Fig. 5.
This is because, in this case, there are variables to be
optimized and, therefore, a high population size is required in
order to achieve optimum performance. Hence, when ,
the performance of the detector is degraded. In this case, we
referred to the DBEP performance as “GA-limited.”
Fig. 8 shows the effect of the different genetic operations
employed on the convergence rate. The results were based on
the assumption of perfect knowledge of the EEBs and SEBs at
a signal-to-noise ratio (SNR) of 36 dB, when encountering a
single path. We can see that by using a selection method based
Fig. 8. Desired bits’ error-probability performance with respect to the number
of generations of the GA-based multiuser detector using a combination of
different genetic operations at an SNR of 36 dB with one path. The population
size is P =2 0using random signature sequences of length 31 and supporting
K =1 0users. The probability of mutation was p =0 :1.
Fig. 9. EEBs’ error probability performance for the GA-based multiuser
detector employing the EEB S1 and S2 detection strategies in a near–far
scenario with K =1 0 , where the power ratio is deﬁned as the power of
the desired users (k =1 ;...;5) over the power of the interfering users
(k =6 ;...;10). The population size is 30 and the spreading factor is 31. The
GA parameters used are the probability of mutation speciﬁed by p =0 :1,
p =0 :1 for S1, and p =0 :05 for S2. The iteration was terminated after
Y =9generations.
on sigma scaling in conjunction with a uniform crossover oper-
ation, a faster convergence rate was attained than for the single-
point crossover [11]. On the other hand, a combination of the
proportionate-type selection and one-point crossover, as used in
[14], yields the slowest convergence. Hence, the type of genetic
operations used can have a signiﬁcant impact on both the per-
formanceandonthecomputationalcomplexity.Afasterconver-
gencerateimpliesareductioninthecomplexity.Amoreindepth
investigation of the behavior of the various types of genetic op-
erations can be found in [15].
Fig. 10 shows the DBEP performance of our proposed mul-
tiuser detector for users. Because of the higher number
of variables to be optimized, we increased the population size
to 40 and 50. We note from the ﬁgure that for ,YEN AND HANZO: GENETIC ALGORITHM ASSISTED MULTIUSER DETECTION IN ASYNCHRONOUS CDMA COMMUNICATIONS 1421
Fig. 10. Desired bits’ error-probability performance for the GA-based
multiuser detector employing the EEB S1 and S2 detection strategies with
population sizes of P =4 0and P =5 0using random signature sequences
of length 31 and supporting K =1 5users. The GA parameters used are the
probability of mutation speciﬁed by p =0 :1, p =0 :07 for S1, and
p =0 :03 for S2. The iteration was terminated after Y =9generations.
the GA employing strategy S1 now exhibits a more signiﬁcant
degradation in terms of DBEP performance with respect to the
single-user bound than those employing strategy S2. This is due
to the fact that as the number of users increases, the EBEP be-
comeshigher.Increasingthepopulationsizeto50doesnotshow
any signiﬁcant improvement using the same strategy, since the
performance is limited by the EEB interference. We also note
that for the DBEP performance of GAs employing
strategy S2 did not match the single-user bound, even though
it outperformed strategy S1. This is due to the limited popula-
tion size, which was too small for optimizing 2 15 variables.
However, by increasing to 50, the DBEP performance be-
comes near-optimum. Hence, while achieving a superior per-
formance, the associated additional computational complexity
has to be tolerated. An important observation is that when
is increased from 10 to 15 users, a near-optimum DBEP per-
formance can be maintained by increasing the population size
from 30 to 50, while keeping by employing strategy
S2. This constitutes a factor of 5/3 increase in the number of
LLF computations. On the other hand, the computational com-
plexity of the conventional optimum detector using brute-force
optimization is increased by a factor of .
Fig. 9 shows the DBEP performance for in a severe
near–far scenario. The power ratio scaled on the -axis is the
ratio of the desired users’ power to the power
of the interfering users . Hence, the DBEP is
shown for a range commencing from dB, where the power
of the interfering users is ten times higher than the desired
users. The upper end of the range is 10 dB, where the power
of the interfering users is 10 dB lower than that of the desired
users. As expected, the SIC using no power ranking is most
affected by the near–far effect. The GA-based detector using
S1 is only slighted affected, since the EEBs are based on the
conventional matched ﬁlter, which is not near–far resistant.
Fig. 11. Desired bits’ error-probability performance for the GA-based
multiuser detector employing the EEB S1 and S2 detection strategies with
a population size of P =3 0 using random signature sequences of length
31 and supporting K =1 0users with various truncated window sizes. The
GA parameters used are the probability of mutation speciﬁed by p =0 :1,
p =0 :1 for S1, and p =0 :05 for S2. The iteration was terminated after
Y =9generations.
Both the GA-based detector using S2 and the decorrelator are
near–far resistant.
All the simulation results we have seen so far are based on a
truncated window size of chips.5 This corre-
sponds to a minimum processing gain of 10 for both the SEBs
andEEBs.TheeffectsofthewindowsizeontheSEBerrorprob-
ability can be ignored, since these bits have been detected pre-
viously. On the other hand, the EEBs have to be tentatively de-
tected based on only the reduced processing gain. In practice,
it is not always possible to set chips. The
worst case would be chips, while the ideal
case would be chips. We sim-
ulated the effects of varying the window size on the DBEP per-
formance based on these two settings ; the associated results are
shown in Fig. 11. We can see that for a narrow window width
of chips,6 the performance of the detectors em-
ploying strategy S1 deteriorates more signiﬁcantly compared to
a wider window size of chips, when em-
ploying strategy S2. This is a consequence of the low detection
reliability ofthe EEBsbasedon thecorrelator outputsdue tothe
associated narrower correlation window. As a result, the DBEP
performance of detectors employing the approach S1 in con-
junction with the EEBs based on the hard decisions of the cor-
relator outputs in Fig. 1 becomes more sensitive to the varying
window size. On the other hand, the GA-assisted detector em-
ploying the approach S2 is capable of improving the error prob-
ability of the EEBs. Consequently, the difference in the DBEP
performance between a wide window size of (
chips)and a smallwindowsize of ( chips)using
the strategy S2 is minimal.
5We have set ￿ = ￿ in order to arrive at a symmetric truncated window
for ease of simulation.
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V. CONCLUSION
In conclusion, we formulated the LLF of an asynchronous
CDMA system in a multipath channel based on a truncated
window size. GAs were then used in order to search for the par-
ticular bit sequence that optimizes the LLF. In our approach,
GAswereinvokedinordertoimprovetheachievableEBEPand
at the same time to detect the desired bits within the window.
Our simulation results showed that the DBEP performance of
the proposed detectors approaches the optimal DBEP perfor-
mance, while requiring a substantially lower number of LLF
evaluationsascomparedtotheoptimummultiuserdetector.Fur-
thermore, both the EEBs and desired bits are detected by the
same GAs,resultinginpotential complexitysavings. Inclosing,
we note that the set of GA parameters employed is by no means
optimal and that our further research will concentrate on con-
triving learning algorithms that are capable of adjusting these
parameters for satisfying a sufﬁciently high correct decision
probability based on the LLF.
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